Introduction

18
The task of estimating the effect of a road safety scheme 19 on the mean frequency of accidents is not straightforward.
20
While observations of accidents before and after treatment 21 can establish the change in mean accident frequency, it is 22 unlikely that all of the observed change can be attributed 23 to the effects of the scheme. The primary task in scheme 24 evaluation is then that of separating scheme effects, S, from 25 the changes that would have occurred without the scheme, N.
26
In a recent paper (Hirst et al., in press ) the authors considered 27 in detail the various factors that can have a confounding 28 effect in the evaluation of road safety schemes and suggested 29 a simple additive model to describe these.
30
The three main non-scheme sources of change in ob- where N T is the change due to national trends in accidents 40 over the period of observation arising as a result of the com-41 bined effect of trends in risk and in flow; N F the change in 42 accidents due to local changes in flow other than those at-43 tributable to trend but unrelated to the study scheme and N R 44 is the change in accidents due to the RTM effect.
45
The change in accidents attributable to the scheme may 46 be in part due to the effect of the scheme on accident risk 47 (accidents per unit of exposure), S R , and in part due to the 48 effect of the scheme on flow, S F . Thus The authors (Hirst et al., in press) have proposed a mod-53 ification to current methods which allows the reduction in 54 accidents attributable to each of the five causal factors to be 55 separately evaluated. The proposed approach, in common 56 with others that include a correction for RTM effects (see, 57 for example, Hauer, 1997; Elvik, 1997) , relies on the avail-58 ability of suitable predictive accident models. These are as-59 sumed to represent the relationship between mean accident 60 frequency and various explanatory variables (typically traf-61 fic flow and site characteristics) during the scheme evalua-62 tion period. The problem is that, in practice, this assumption 63 will rarely be satisfied because of the effects of trends in 64 accidents.
Outdated accident prediction models
66
To appreciate the problem, it is useful to briefly consider (or regional) flow in the after period, then the expected flow 112 in the after period if flows at the study site had changed in 113 line with general trends, q ′ A , can be estimated using
If the observed flow in after period, q A , differs from q ′ A 116
then there have been local changes in flow at the site other 117 than those attributable to trend. If, on the basis of local 118 knowledge, these are judged to be due to transport or land 119 use changes unrelated to the scheme under study, then the 120 expected accidents in the after period in the absence of the 121 scheme is
If, on the other hand, the local flow changes are judged to 124 be a consequence of the scheme itself, then
If X A accidents are observed at the scheme site in the after 127 period, the scheme effect is estimated as
and the non-scheme effects as
It is clear that the EB approach implicitly assumes that the 132 predictive model represents the relationship between acci-133 dents and flows in the before period at the study site. Equally, 134 the comparison group approach implicitly recognises that 135 there can be an underlying trend in risk within the study pe-136 riod. However, no allowance is made for the effects of trend 137 in risk between the time period used for modelling and the 138 time period used for scheme assessment: this in spite of the 139 fact that available models are typically derived using histor-140 ical data, often for a period of time many years prior to the 141 study period used for scheme assessment.
142
The standard form of the available predictive models as-143 sumes that the risk of accidents, C, per unit of exposure, 144 q β , is constant over time. 
246
In practice, the mean flow will only occur at the mid-point 247 of the modelled period if flows follow an arithmetic progres-248 sion but this assumption should not be unreasonable if flows 249 are not changing too dramatically over time. The assump-250 tion that the mean of accidents occurs in the middle year is 251 also not likely to be strictly true since it is assumed that the 252 decline in risk follows a geometric progression while flows 253 are increasing: again if flows are not changing too dramati-254 cally over time, and γ is reasonably close to 1, this assump-255 tion should not be unreasonable. Under these assumptions, 256 AAP 1003 1-13 it is possible to equate the models at the middle of the mod-257 elling period (t = (n − 1)/2). If it is also assumed that the 
277
The overall effect in this case is a decrease in expected ac-278 cidents over time.
279
The two models, under these assumptions, are equivalent and for subsequent years µ t = Cγ t q β t . The last year of the 288 modelled period occurs at t = 5.5 (i.e. t = (n − 1)/2), the 289 last year of the gap between the end of the modelled period 290 and the start of the before period will be at t = 10.5 (i.e. 291 t = ((n − 1)/2) + g, where g is the duration of the gap). The 292 middle of the before period will occur in the second year of 293 the 3-year-period at t = 12.5. More generally, if t B is the 294 duration of the before period as before,
For this example, the estimated means (μ B orμt B ) obtained 297 using the models with and without trend would differ by a 298 factor of γ 12.5 (the trend model giving the smaller estimate). 299 This result leads to the possibility of a correction 300 procedure which could be applied to any mis-specified 301 model. Thus, more generally, ifμ B is estimated using a 302 mis-specified predictive model which makes no allowance 303 for trend, the estimate (μ B NO TREND ) can be corrected using 304
where γ is the factor by which risk changes from year to year 306 and t the elapsed time between the middle of the modelling 307 and study periods = g + (n + t B )/2.
308
AAP 1003 1-13 
354
Each simulation consisted of 500 realisations. For each of 355 the 500 realisations, nmod sites were generated from the true 356 underlying population characteristics C 0 , β, γ and K. Each 357 of the nmod sites followed a randomly generated subset of 358 the model period.
359
In order to calculate the mean accidents at each site it was 360 necessary to simulate traffic counts. This was done so that 361 overall flows followed an arithmetic progression (the best 362 fitting model to UK national flow data for the hypothetical 363 AAP 1003 1-13 study period) and so that the overall total flows for the nmod 
369
(1996) to derive a model for urban single carriageway roads.
370
Once a flow vector for each of the nmod sites had been 371 generated, the true underlying mean accidents for that site 372 was known. This, together with the NB shape parameter K, 373 was used to generate observed accidents at the site from a 374 NB distribution.
375
The models with and without a trend term were then fit-376 ted to the observed data for the nmod sites, giving estimates in the before period were generated from the true mean, 388 µ TRUE for each study site. An unknown, but definite RTM 389 effect was achieved by rejecting any generated before period 390 accidents less than twice the true mean and re-sampling (i.e.
391
sites with X B < 2µ TRUE rejected, as might typically be the 392 case in selecting candidate sites for safety schemes).
393
For both the correctly specified trend model and the 
The bias in the EB estimates for individual sites, and in the 420 estimates of the effects of regression-to-mean (N R ), trend 421 (N T ) and treatment effects (S R and S F ) were examined for 422 each of the 500 studies of 100 sites. (It was assumed in this 423 study that N F = 0.) 424
Results from the simulation studies
425
The simulation studies demonstrated that the relationship 426 between C 0 and C was consistent with that suggested (C ≈ 427 C 0 γ (n−1)/2 ) and the estimate of β from both models was 428 unbiased. The bias in the predictive model estimate of mean 429 accidents in the before period was thus also consistent with 430 that suggested previously. Thus Mean: mean of bias; med: median of bias; S.D.: standard deviation of the bias. Results are shown to two decimal places. τ TREND : bias in predictive model estimates using trend model; τ NO TREND : bias in predictive model estimates using model without trend; τ CORRECTED : bias in predictive model estimates using correction procedure; ρ TREND : bias in EB estimates using trend model; ρ NO TREND : bias in EB estimates using model without trend; ρ CORRECTED : bias in EB estimates using correction procedure.
AAP 1003 1-13 1 for all cases.
471
The results for the distribution of bias in the EB esti-472 mates (Table 1) show that, using the model without trend, 
488
The distribution of estimates of scheme and non-scheme 489 effects for studies of nmod = 1000 are shown in Table 2 490 for γ = 0.95 and Table 3 for γ = 0.975. The use of the 491 model without trend tended to result in under-estimates of 492 regression-to-mean effects (N R ) and over-estimates of treat-493 ment effects (S R + S F ), although the bias is not particularly 494 large. The correction procedure was successful in eliminat-495 ing bias in all cases: even when the underlying trend in 496 risk was large, the correction consistently estimated the true 497 treatment effect. 
Application of correction method to real data
499
The uncorrected and corrected models without trend were 500 also applied to a group of 50 real sites at which a variety of 501 speed management measures had been applied. Total per-502 sonal injury accidents and fatal and serious accidents were 503 analysed. All of the sites were in 30 mph speed limits and 504 AAP 1003 1-13 Table 2 The distribution of estimates of scheme and non-scheme effects for studies of nmod = 1000 with γ = 0.95 Table 3 The distribution of estimates of scheme and non-scheme effects for studies of nmod = 1000 with γ = 0.975 
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Properties Model type B =−0.5 B =−0.75 N R N T S F S R N R N T S F S R Model time = 5
512
The predictive accident models used were the models Table 4 . Table 4 Estimates of scheme effects at 50 sites S: scheme effect; S R : scheme effect attributable to a change in risk; S F : scheme effect attributable to a change in flow; N T : trend in accidents within study period; N R : RTM effect. riod and the study period leads to under-estimates of the 537 regression-to-mean effect (N R ), with over-estimates of the 538 scheme effects (S). The impact of the correction procedure 539 was particularly important for fatal and serious accidents: 540 the estimated effect of treatment on fatal and serious acci-541 dents using the correction (−22%) is only half that obtained 542 assuming a constant risk (−43%). The estimates of the 543 regression-to-mean effect with and without the correction 544 were −20.2 and +3.42% respectively. This is a rather 545 greater impact than might have been anticipated from the 546 simulation results. The simulations, however, were based 547 on a representative value of C 0 for total accidents. As fatal 548 and serious accidents represent only a proportion of all ac-549 cidents, the value of C 0 for fatal and serious accidents will 550 be smaller than for total accidents (with correspondingly 551 smaller values ofμ B and X B ). The models presented by 552 Mountain et al. (1997) also give an estimate of the negative 553 binomial shape parameter (K) of 2.65 for fatal and serious 554 accidents compared with 1.92 for total accidents. These 555 factors will clearly affect the EB estimation process and 556 may indicate that for fatal and serious accidents the need 557 for the correction procedure is greater. Further simulation 558 studies (with C 0 = 0.75, i.e. only a quarter of the value 559 used in the original simulation studies) have indeed shown 560 this to be true. 
Discussion
562
The majority of available models assume that the un-563 derlying risk of accidents per unit of exposure is constant 564 over time and yet, if road safety programmes are effective, AAP 1003 1-13 a decline in risk per unit of exposure would be expected. In the simulation studies presented in this paper, overall 617 mean flows were assumed to follow an arithmetic progres-618 sion. This was a strong assumption as it meant the mean of 619 flows occurred at the middle of the study period. Some fur-620 ther investigations involving other possible representations 621 of flow (such as a geometric progression or a sigmoid curve 622 for flows over the study period) have shown that the correc-623 tion is still valid.
624
It is perhaps also worth noting that if the true value of γ 625 is close to 1 (i.e. trend in accident risk is negligible) then 626 observed trends in accidents will be entirely attributable to 627 trend in flow. In this case it could be preferable to estimate 628 expected accidents in the after period using the actual before 629 and after flows at the study site rather than observed acci-630 dents for a comparison group in the before and after periods 631 (which might not be truly representative of the site under 632 investigation). However, if the true value of γ is close to 1 633 it would raise questions about the effectiveness of current 634 road safety strategies. 
Conclusions
636
This paper has considered the problems of bias when us-637 ing a mis-specified predictive model in the estimation of 638 confounding factors in before and after studies of road safety 639 schemes. Under the assumption of a genuine change in risk 640 over time simulations showed that, if this is ignored, the es-641 timation of RTM and treatment effects can be biased. How-642 ever, the nature of the bias in the predictive model was es-643 tablished and a simple correction procedure outlined. The 644 correction procedure was effective in eliminating bias and 645 was also shown to be easily applicable to real data in an 646 analysis of 50 treated sites. 
